Introduction
The prevalence of childhood diseases in Nigeria remain high during the last decade due to the burden associated with highly prevalent diseases such as diarrhea, malaria and acute respiratory infections (ARI). These three ailments are the leading causes of death globally among children under five years of age. There is much uncertainty surrounding the ascertainment of pneumonia as the underlying cause of death, principally from verbal autopsy-based studies in developing countries.
United Nations International Children's Emergency Fund (UNICEF) statistics in 2008 for Nigeria show that 186 out of 1000 children under the age of 5 years died, whilst 197 out of 1 000 children under the age of 5 years died in 2004 [1] . Policy-makers and governments in Sub-Saharan African (SSA) countries rely on household surveys to inform public health policies.
The Demographic and Health Surveys (DHS) are a wellestablished source of reliable population data with a substantial focus on childhood diseases and health-seeking behaviour [2] .
However, linking individual survey records with disease prevalence at the disaggregated small-scale, community level has not been possible because of the methodological restraints of traditional regression modelling.
There are few studies that have investigated the association between diseases and socioeconomic, environmental and individual risk factors in Nigeria and many other SSA countries [3] [4] [5] [6] [7] . Furthermore, recent studies have applied geoadditive regression models [7, 8] to investigate the association between diseases and geographic areas [5, 6, 9] .
These models can account for nonlinear covariate effects and geographical variation while simultaneously controlling for other important risk factors. They have been used in regression studies of risk factors, for morbidity [5, 6, 9] and for mortality in SA [10, 11] .
However, in these studies, regression analyses were carried out separately for each type of disease, such as cough, fever and diarrhoea, neglecting possible joint association among these response variables and without aiming at the detection of common latent risk factors. In this study, we take a different approach. We apply geoadditive latent variable models (LVMs) for mixed discrete response, considering binary indicators for cough, fever and diarrhea as observable outcomes of latent health status [12] [13] [14] .
Health status is also known to have various risk factors including geographical location as a proxy for socioeconomic and environmental factors that affect disease prevalence and incidence.
Spatial heterogeneity in these factors influences the disease transmission pattern. Consequently, efforts to reduce the burden of childhood diseases should investigate the influence of the associations between the different type of diseases and their distribution among the locations on child health.
Indeed, the impact of geographic location on child health in developing countries is well documented in many studies [11] .
Most of these studies have emphasized on studying a single disease at a time. However, because of common and overlapping risk factors, separate analyses may fail to give a comprehensive picture of the epidemiology of the diseases and the joint effects of childhood diseases at the population level.
Epidemiological methodology and research have increased over the years, and have extended from studying a single disease at a time [9, 11] to joint analysis of several diseases using the LVMs or to a simple joint model for only two types of diseases [15] [16] [17] .
Two approaches of LVMs (joint model) analysis of diseases have emerged: the measurement model, which accommodates and describes the effect of the latent variables and a set of observed covariates (e.g. child's sex, mother's educational attainment, working status, etc.) on the health indicators such as diarrhoea, fever and cough.
The structural model is linking a set of observed covariates, which have indirect effects (such as child and mother's age) on the latent variables.
In the latent variables, all risks are estimated using covariates. In addition, the correlation of risk between diseases can be quantified.
In this study, we considered the latent variables model to jointly analyse childhood fever, cough and diarrhoea in Nigeria, with the objective of highlighting spatial patterns of these illnesses and we focus on the first approach.
In geoadditive probit LVMs, the three observable binary disease variables are taken as indicators for the latent individual variable "health status'' or ''frailty'' of a child. This approach is used in order to study the influence of risk factors on individual frailties of children, thereby automatically accounting for association between diseases as indicators for health status. Compared to previous results, our approach can provide new insights into childhood morbidity and mortality in developing countries in general and, more specifically, in Nigeria.
All computations have been carried out with a user written code in R programs using the MCMC package [12, 13, 15] . The most important covariate included in this analysis is the geographic location, where the child lives, that includes features of the wider socio-cultural and political context affecting both the child and his/her care givers. Other selected socio-demographic variables available in the data are grouped as individual child characteristics, mother characteristics, household economical level and community characteristics. Regarding the covariates, we were guided by the previous literature on the subject and the conceptual framework outlined in UNICEF (1998) . Among the underlying determinants of disease, we considered a proxy measure of current or recent socioeconomic status (SES), having radio, television etc., the nutritional status of the mother measured by Body Mass Index (BMI), health knowledge and care practices measured by mother's education, mother's marital status, birth interval and place of delivery of children (which we included in the early stages of this study and it had no significant effect).
We also control for the sex of the child, urban rural location, and the age of child. Based on our previous own work as well as other literature, we investigated a potentially non-linear pattern of effects of the mother's BMI and age as well as the age pattern of the child on diseases. Empirical distributions of all factors used in the analysis are given in Table 2 [18] .
Materials and methods
The analysis in this work is based on data available from the 2003 Nigerian Demographic and Health Survey (NDHS) [2] . The NDHS uses standard survey instruments to collect data on household members such as sex of child, age of child, mother's age, current employment status of mother, mother's educational attainment, exposure to mass media, the type of toilet facility etc. It collects information on household living conditions such as housing characteristics, on childhood morbidity, malnutrition and child health from mothers in reproductive ages . The data is based on national samples that have been collected using questionnaires and allows for breakdowns by urban-rural and major regions and states.
The diseases of children included in this work were diarrhea, respiratory diseases, cough and fever. These diseases were still major causes of mortality among children in many developing countries, particularly in Sub-Saharan
Africa.
Yet, except for some descriptive reports by National Statistics Offices of these countries, few systematic studies of factors that influence the prevalence of diarrhea, cough and fever among young children were carried out in these countries. The success of healthcare intervention depends on a correct understanding of the socioeconomic, environmental and cultural factors that determine the occurrence of diseases, undernutrition and deaths. The mapping of variations in risk of child morbidity and child malnutrition can help to improve the targeting of scarce resources for public health interventions. Bearing in mind that direct mapping of relevant environmental risk factors (which may vary considerably in both space and time) is difficult and this has led to investigations of environmental proxies [9] . Table 1 shows the prevalence of three ailments, fever, cough and diarrhea, which are used as response variables in this work. It also indicates the percentages of children under five years of age, who had diseases during two weeks before the survey.
Covariates
Based on preliminary analyses with separate geoadditive regression models [6] , the following covariates were considered to study childhood morbidity in Nigeria.
Metrical covariates
Chage: Child's age in months. BMI: Mother's body mass index. Mageb: Mother's age at birth.
Categorical covariates (in effect coding)
Male: Child's sex: male or female (reference category). Educ: Mother's educational attainment: incomplete primary, complete primary, and incomplete secondary school; or complete secondary school and higher eduction (reference category).
Trepr: Whether mother had treatment during pregnancy: yes or no (reference category).
Anvis: Whether mother had antenatal care: yes or no (reference category).
Water: Source of drinking water: controlled water or no (reference category).
Toilet: Flush toilet at household, or not (reference category).
Urban: Locality where respondent lives: urban or rural (reference category).
Radio: Radio at household: yes or no (reference category). Elect: Electricity : yes or no (reference category). Work: Mother's current working status: working or not (reference category).
Spatial covariate
Reg: state in Nigeria where the respondent resides
Statistical analyses 2.2.1. Latent variable models for binary responses
The basic idea of factor analysis and LVMs is that the vector of the p observable variables can be represented, at least partly, by one or more latent factors or variables 氃with a lower dimension. As in our case study, where we introduce the latent variable氃"health status" we only consider a one-dimensional latent variable for simplicity. Extension to multi-dimensional latent variables and models with different types of observable responses are presented in Raach, 2005 and Khatab, 2007 [12, 14] . LVMs in our study of a common latent variable氃to the linear predictor, is resulting in the observation models:
Where y 1 ,...,y p denote p observable binary responses, such as the three disease indicators in our study. Φ is the standard normal distribution function.
The covariates氈 j have direct effects 毬j on the responses y j , similar as in separate probit models. The common latent variable氃automatically induces correlation among the responses. The effects毸 j of 氃are usually called factor loadings. The observation is supplement through a structural model for the latent variable. Geoadditive latent variable probit models assume a geoadditive structural model 氃=u' 毩 +f 1 (w i1 )+...+f(w iq )+f geo (S i )+ 毮i (2) with i.i.d. Gaussian errors 毮i~N (0,1). For identifiability reasons it is assumed that var ( 毮i )=1 and that the predictor for氃contains no intercept term. The additional covariates u, w 1 ,...,w k and the location variable s act directly on the latent variable氃, but indirectly on the observable responses. The nonlinear functions and the spatial effect are modelled through similar priors as for separate geoadditive probit models, see aslo Khatab and Fahrmeir, 2009 and Khatab, 2010 [15, 16] . LVMs of the form (1) and (2) , restricted to a linear structural model氃=u'毩have been suggested previously by Sammel et al [19] .
We applied geoadditive probit LVMs to analyze the data. While the DIC is now commonly accepted as a standard tool for selecting probit or logit models, its performance for LVM model choice is not yet well understood. It was decided to choose the covariates used in equation (1) for the measurement model, which have direct effects on the disease indicators; or in the case of the structural equation (2) , those have indirect effects via their common impact on the latent variable "health status", we therefore proceeded more informally: if the effects of covariates turned out to be significantly different (in terms of confidence intervals) for the three diseases, we decided to keep them in the measurement model, otherwise covariates were included in the geoadditive predictor of the structural equation for the latent variable. The results are presented in next section.
We present results for the following probit models, selected from a longer hierarchy of models. The responses y j , j=1 (diarrhea), 2 (fever), 3 (cough) are coded as: 
and 毲=0, so that氃 i : N(0,1). Table 3 shows the estimates for the factor loadings 毸 i , j=1,2,3 implying considerable (marginal) correlation. Factor loadings were expressed as Mean暲 SD.
Our next model was selected on the basis of the separate analyses as explained at Khatab, 2007 [14] . In that work, we have used separate geoadditive probit models for the binary target variables for diarrhea, cough and fever using covariate information from the 2003 NDHS. The computations for the separate models were carried out using the Bayes X program [20] . We're showing here the results of Model 3 (Tables 1 -3) , which was selected from a long hierarchal analyses based on its DIC (the value of deviance information criterion).
This leads to the LVM P(y ij | x ij )=Φ(毬 0j + 毩'ij毬j +毸 j 氃 i ), j=1,2,3 (4) with the structural model (5) for the latent variable. The vector 毩' (measurement model) comprises the covariates with direct effects (such as urban, availability of electricity, antenatal visits, working status and controlled water in LM1) on y j , and u comprises the remaining categorical covariates (such as sex, mother's education, etc. in LM1) having common effects on the latent variable氃. Because the patterns for the nonparametric functions and the spatial effects were rather similar in the separate analyses, they were included in the geoadditive predictor for氃.
Results
The distribution of the categorical factors we used in this analysis and their association with the diseases were shown in Table 2 . The following factors were significantly associated with diarrhoea: place of residence (P=0.001); mother's education (P<0.001); pregnancy treatment(P<0.001); availability of radio and electricity (P<0.001).
For fever, the significant factors were place of residence (P=0.001); pregnancy treatment (P<0.001); type of toilet (P< 0.001); mother's education (P=0.03); and availability of electricity (P=0.012). For childhood cough, significant factors were mother's working status (P=0.003), and pregnancy treatment (P<0.001). In Nigeria (Table 4) , the parametric indirect covariate of trepr (whether the mother had treatment during pregnancy) had a significant positive effect on the latent variables. With regard to the parametric direct covariates, the results showed that urban location had a significant negative effect on an indicator of fever毸 11 , antenatal visits during pregnancy and current employment status of mother have significant effects on an indicator of cough (毸 21 ). But, only the covariate of antenatal visits during pregnancy has a significant effect on the indicator of diarrhea (毸 31 ) and these results are quite consistent with the previous separate analyses. As further analysis, we excluded the parametric indirect covariates, which were nonsignificant in the previous results and include covariates of urban, antenatal visits during pregnancy and current employment status of mother as indirect effects. The results of LVM2 (Table 5) show that all the parametric indirect covariates have a significant effect on the latent variable "health status" of children. With regards to non-linear effects (Figure 1 ) on the latent variable health status, the pattern showed that the prevalence of disease was high among children 6-12 months of age. Mother's age seemed to have a slight effect on the child's health in Nigeria. Whilst there was a signifcant association between the child's health and a mother with an BMI less than 22. Figure 2 displayed the results of spatial effects in model LVM1 and LVM2. This suggested that the high risk of all three health status rates was associated with the northeastern part of Nigeria as already indicated by the previous separate results with geoadditive probit models [14] . As presented in this paper, LVMs were based on the results of the separate models which presented in Khatab, 2007. In that stage, we have used separate geoadditive probit models the binary target variables for diarrhea, cough, and fever using covariate information from the 2003NDHS. The computations for the separate models were carried out using BayesX program (Brezger A, Kneib T, Lang S, 2005) [20] . Results of Model 3 was shown in Table 6 , which was selected from a long hierarchal analyses based on its DIC (the value of deviance information criterion).
Discussion

Fixed effects
As for child's gender, it is widely believed that probability of disease is higher for males due to biological reasons. However, some studies show higher female mortality, indicating gender discrimination. The variable is insignificant for our three types of diseases.
The effects of urban versus rural place of residence has a significant effect on the health status in Nigeria. This refers to the fact that living in urban areas lowers the risk for children of having diseases vs. rural areas. These results support the important role of the public health policy in rural-urban disparities.
Mothers who attended a clinic to receive antenatal care during the period of pregnancy are expected to have lower problems in comparison to those who had not received any care.
The variable trepr has a positive significant effect on the three types of disease in Nigeria.
The ownership of radio facilitates the acquisition of disease and vaccination information, allowing a more effective allocation of resources to produce child health. However, in Nigeria it has non-significant effect.
Concerning current working status of mother, it has an association with child's health in Nigeria. The problem as mentioned in some studies is that when mothers engage in out-of-home employment, it curtails the duration of full breastfeeding and necessitates recently introduced supplementary feeding, often by the illiterate care-takers, and that could have an effect on the health of child in the early months.
Availability of the flush toilet in the household is associated only with a lower risk of fever. The same for availability of electricity with diarrhea.
Non-linear effects
In general, the results show that the risk of having diseases in the two-week reference period reaches its peak at 11 months and then begins to fall with increasing age of the child. This pattern resembles those found in many studies of Sub-Saharan Africa. The prevalence of disease was found to be the highest among children 6-12 months of age, the period when most children are weaned. In addition to breast milk, inborn immunity and less exposure to contaminated agents during the early period also contributes to the lower prevalence of diarrhea. On the other hand, prevalence is quite high when the child has lost it's inborn immunity and when it is exposed to different types of infections by eating food prepared with contaminated water and from an unhealthy environment.
The results reflect a slight effect of mother's age at birth on the morbidity of children. In Nigeria, the impact of mother's age is slight and almost linear.
In the literature, the influence of the Body Mass Index (BMI) of the mother is sometimes expected to be inversely U-shaped. Parents with low BMI values are malnourished and are therefore likely to have undernourished and weak children. At the same time, very high BMI values indicate poor quality of the food and hence, may also imply weakness of the children in our study. It has a slight effect on cough and fever.
Spatial effects
In Nigeria, there is a sizeable difference between disease in the eastern parts of the country and the significantly better health status in the northern, and central parts. We Table 6 Fixed effects of separate model 3 using Bayesian geoadditive model on diarrhea, fever, cough-Nigeria. can see from the results that southeastern regions through some regions in the north part are associated with a high rate of childhood disease. That is because, as suggested by previous studies, in those regions a high level of pollution due to petroleum production is present. Perhaps, the pollution in this area affect the health of children through the water pollution that influences access to drinkable water sanitation.
Our results also have some policy relevant implications. It is recommended that mothers exclusively breastfeed their babies for the first 2 years of life. In developing countries, continued breastfeeding is recommended up to at least 2 years of age with the timely addition of appropriate complementary food at 6 months of age.
The spatial effect suggests the need to give more attention to some areas that have high rates of diseases, such as the southeastern regions as well as some regions in the north part which are associated with a high rate of diseases. These areas are more likely to have a higher proportion of morbidity compared to other areas, caused by poor health facilities and complications during childbirth or even careless and misdiagnosis during hospital care. Therefore, the most important issues to address in these areas are health care, proper food, and raising the educational level of parents.
The spatial effects also suggest that further work is needed in order to assess the association between the morbidity and the malnutrition among the Nigerian children.
Comorbidity with conditions such as cough, diarrhoea and fever is common in Nigeria. However, little is known about common risk factors and geographical overlaps in these illnesses. The search for overlapped common risk factors and the spatial effects may improve our understanding of the etiology of the diseases for efficient and cost-effective control and planning.
The analysis suggests some strong underlying spatial patterns of the three ailments with a clear southeastern divide of childhood morbidities and this might result in shared and overlapping risk factors, one of which is probably general environmental risk associated with pollution.
This study is able to jointly analyse childhood fever, cough and diarrhoea in Nigeria by highlighting a clear spatial patterns of these illnesses. We postulate that LVM offer a new methodology opportunity for modelling joint diseases risks factors, in addition to flexibly modelling covariates and the spatial effects.
